Competing risks data are routinely encountered in various medical applications due to the fact that patients may die from different causes. Recently, several models have been proposed for fitting such survival data. In this paper, we develop a fully specified subdistribution model for survival data in the presence of competing risks via a subdistribution model for the primary cause of death and conditional distributions for other causes of death. Various properties of this fully specified subdistribution model have been examined. An efficient Gibbs sampling algorithm via latent variables is developed to carry out posterior computations. Deviance information criterion (DIC) and logarithm of the pseudomarginal likelihood (LPML) are used for model comparison. An extensive simulation study is carried out to examine the performance of DIC and LPML in comparing the cause-specific hazards model, the mixture model, and the fully specified subdistribution model. The proposed methodology is applied to analyze a real dataset from a prostate cancer study in detail.
Introduction
Competing risks data are frequently encountered in various medical applications due to the fact that patients may die from different causes. Studies Gail (1975) proposed a multivariate model of failure times due to different causes. Tsiatis (1975) showed that for any joint distribution of n failure times there exists a joint distribution of n independent failure times such that the marginal cause-specific cumulative incident functions from the two joint distributions coincide, which implies that the correlations between the failure times are not identifiable in the multivariate failure time model. Prentice et al. (1978) introduced a cause-specific hazards model. Larson and Dinse (1985) established a mixture model with hazards function conditional on failure from a specific cause. Fine and Gray (1999) discussed the subdistribution model with proportional hazards assumption to assess the covariates effect on the cumulative incidence function of the cause of interest. Recently, Fan (2008) introduced a Bayesian nonparametric methodology based on the full likelihood for the proportional subdistribution hazards model. Elashoff et al. (2007 Elashoff et al. ( , 2008 jointly modeled the longitudinal measurements and survival data with competing risks, where they extended respectively the cause-specific hazards model and the mixture model for survival data, and used latent random variables to link together the sub-models for longitudinal measurements and survival data.
The Bayesian literature on competing risks analysis is still sparse. Fan (2008) 2011) developed the Bayesian methods for a joint analysis of longitudinal measurements and survival data with competing risks, in which cause-specific hazards sub-models were considered for modeling survival times. As pointed out in Fine and Gray (1999), one of the nice properties of the subdistribution model is that the effect of a covariate on the marginal probability function can be directly assessed. However, the subdistribution model proposed by Fine and Gray (1999) cannot be compared to two other established models as the competing risks for other causes are not specified in their model. Due to this reason, we develop a fully specified subdistribution model with subdistribution hazard for the primary cause of death and conditional hazards for other causes of death. Under this fully specified subdistribution model, we are able to establish a theoretical connection between the partial likelihood of Fine and Gray (1999) and the one under the fully specified subdistribution model for the cause of primary interest when all failure times are observed. We notice that this connection may not be established under the models discussed in Fan (2008) . With this new development, formal model comparisons between the fully specified subdistribution model and two other established models, namely, the cause-specific hazards model (Prentice et al. 1978 ) and the mixture model (Larson and Dinse 1985) , can be carried out via Bayesian deviance information criterion (DIC) and logarithm of the pseudomarginal likelihood (LPML). Furthermore, the fully specified subdistribution model also facilitates an efficient implementation of the Gibbs sampling algorithm.
The rest of the article is organized as follows. In Sect. 2, we present a detailed development of the fully specified subdistribution model and examine various properties of it. The prior and posterior are discussed and an efficient Gibbs sampling algorithm via a set of latent variables is developed in Sect. 3. In Sect. 4, we briefly review the cause-specific hazards model (Prentice et al. 1978 ) and the mixture model (Larson and Dinse 1985) , and provide necessary mathematical formulations for DIC and LPML under these two models and the fully specified subdistribution model. In Sect. 5, we
